Introduction
All human activities in the marine environment have the potential to adversely affect the natural system (Gray & Elliott, 2009 ). Renewable energy generating devices lessen the depletion of nonrenewable resources and have perceived lesser environmental effects (Gill, 2005) . Offshore wind generating capacity in particular is the most rapidly expanding sector of the renewable energy industry (Wilson et al., 2010) and the UK is globally-leading this with as much capacity already installed as the rest of the world combined (RenewableUK, 2014) .
Offshore wind farms (OWF) produce 'green energy'. Their construction, operation and decommissioning, however, may impact the composition and structure of benthic communities through loss or change of habitat and physical disturbance of the seabed in ways that are difficult to measure, minimize and mitigate (Gill, 2005; Wilson et al., 2010) . Whether these effects constitute an ecologically significant impact depends on their direction, duration, extent and magnitude, and on the value and sensitivity of the receiving habitats and organisms (Boehlert & Gill, 2010; IEEM, 2010; Wilson et al., 2010; Garel et al., 2014) . Monitoring the condition of the benthos is a condition of the operating license for an OWF. The developer has to prove that the OWF will not cause harm rather than the regulator having to show that harm will occur (Gray & Elliott, 2009 ). Hence environmental impact assessment (EIA) and response is urgently needed in the renewable energy sector (Inger et al., 2009; Vaissière et al., 2014) despite there being large knowledge gaps (Garel et al., 2014) .
The European Directive 2011/92/EU requires that an EIA is carried out for the consent of projects having significant effects on the environment, including OWFs (CEFAS, 2004) . In the resulting Environmental Statement (ES), the main stressors and receptors should be identified and the significance of potential impacts assessed. The consenting process should test impact hypotheses in construction and operation and validate predictions (Judd, 2012) . The existing guidance for monitoring and assessment of potentially impacting activities in the marine environment, including OWFs (CEFAS, 2004; Judd, 2012; IEEM, 2010) , inevitably can only be generic rather than a highly prescriptive methodology, largely because of site-specificity and the questions being asked regarding habitat distribution, diversity and heterogeneity (CEFAS, 2004; Judd, 2012) .
Environmental monitoring usually aims to investigate changes relative to a defined baseline condition or set of parameters to quantify any impact. Changes are assessed before and after construction, during construction vs. pre-construction, inside vs. outside the wind farm array, while also accounting for temporal and spatial natural variability (Judd, 2012) . Sampling programmes should allow hypothesis-testing statistical techniques usually based on a Before-After Control-Impact (BACI) Paired-series approach or its modifications (Underwood, 1994; Ellis & Schneider, 1997) .
Whether the monitoring is aimed at assessing an impact or characterising spatial variability of baseline conditions, an adequate sampling effort is required (CEFAS, 2004; Judd, 2012) to quantify parameters with a certain level of precision and sufficient statistical power to detect the signal of change, minimise the risk of Type I and II errors and correctly reject the null hypothesis (Zar, 1999) .
Power analysis is capable of informing sampling design during the planning stage of a study (prospective power analysis; Cohen, 1988; Underwood & Chapman, 2003) , and it can be applied also after the data have been collected and analysed to evaluate the adequacy of a specific design in detecting biologically meaningful patterns (retrospective power analysis; Andrew & Mapstone, 1987; Thomas, 1997) . CEFAS et al. (2010) recently reviewed UK FEPA (Food and Environment Protection Act 1985) OWF monitoring datasets to give preliminary recommendations on sampling adequacy, but to date there are no studies specifically appraising the suitability of monitoring programmes to detect variability in the status of the marine environment at OWF sites. The present study aims to integrate existing experience to guide suitable monitoring strategies of benthic communities at OWFs. Survey data and information from a selection of UK OWF monitoring studies were interrogated with the following objectives: (1) to review benthic monitoring strategies applied to OWFs in the light of existing guidance for EIA monitoring of benthic communities; (2) to assess the precision of mean estimates of benthic community descriptors in relation to the sampling effort at the station level, and (3) to apply power analysis in order to identify the overall most appropriate monitoring effort needed to detect spatial variability in benthic communities with a certain statistical power.
Materials and methods

Dataset, survey strategies and benthic variables
The UK offshore wind energy generating sector comprises several licensing phases co-ordinated by the Crown Estate (the landlord and owner of the seabed), with Round 1 launched in 2001, Round 2 in 2003 and Round 3 in 2010. Subtidal benthic survey data from a selection of Round 1 and Round 2 wind farms were compiled from ES and monitoring reports, the COWRIE (Collaborative Offshore Wind Research into the Environment) website (http://www.offshorewind farms.co.uk) and also from individual developers (Table B.1). OWF benthic sampling regimes were summarised using several parameters, including sampling method, number of surveyed stations and replicate samples collected per station. Non-parametric analysis (Mann-Whitney U test) assessed differences between Round 1 and Round 2 OWF monitoring programmes.
Monitoring designs at the studied OWFs located sampling stations within and around development sites, often by distinguishing areas based on the expected distribution of impacts generated by the OWF. Criteria for station allocations to sampling areas were derived from the description of sampling regimes and survey maps as provided in the monitoring reports. According to these, stations were located within the OWF area and in some cases within the near-field area of the wind turbine foundations to determine scour effects. Stations were also often sited along the OWF cable corridor, around the development site within one tidal excursion from it (e.g., within the area affected by sediment transport and deposition; BOWind, 2007) or outside the tidal excursion to represent control areas. All these areas were classified in this study respectively as DS (development site), SA (scour assessment), CC (cable corridor), SI (secondary impact) and reference/control sites (RS). Survey strategies were reviewed in the light of existing guidance for monitoring benthic communities and for EIA of OWFs. Primary benthic community descriptors (mean species richness S, total benthic abundance N and biomass B) were derived from each dataset, depending on data availability.
Power analysis and precision assessment
Power analysis was employed to investigate the theoretical relationship between the sampling effort applied in monitoring designs and the size of the detectable change in mean S, N and B (Minimum Detectable Effect Size, MDES). The sample variances used in the power analyses were derived from ANOVAs on the benthic data collected at the studied OWF sites. By using data from a wide variety of case studies our findings apply as measures of central tendency for the group as a whole.
The ANOVA model for the OWF study design is a 2-level nested ANOVA (Sokal & Rohlf, 1995) . It partitions the variance in the measured variables due to the main factor Area (factor A) and the nested factor Stations within Area (factor B(A)), and tests for differences among Areas. The null hypotheses tested in this study are no differences in the means of S, N and B among impact type areas (H0: DS≠SA≠CC≠SI≠RS). The minimum effect size (i.e., the difference between mean values of the analysed variable) that can be detected by the ANOVA was calculated as
0.5 (Eqn 1; Ling & Cotter, 2003) , where P is the power of the statistical test, Φ -1 is the inverse of the normal distribution function Φ, a is the number of areas (groups) compared in the analysis and sY 2 is the sample variance of group means. The term sY 2 was calculated for the 2 level nested ANOVA as the ratio between the mean square for the nested term (MSB(A)) and the product of the number of stations per area (b) by the number of replicate samples per station (n) (Ling & Cotter, 2003) . After expressing MSB(A) as the ratio between the sum of squares for the nested term (SSB(A)) and the associated degrees of freedom (a(b-1)), the resulting formula for the calculation of MDES was:
(Eqn 2).
Equation 2 was used to identify the minimum effect size that could be detected with variable sampling effort (combinations of n and b, with b ranging from 2-100 and n ranging from 2-10) with an adequate level of power and significance. This was identified based on the five-eighty convention, whereby acceptable significance and power levels are set at 0.05 (i.e., 5% chance of making a Type I error) and 0.80 (i.e., 80% power or 20% chance of making a Type II error) respectively (Di Stefano, 2003) . The values for SSB(A) were derived from the ANOVA tables obtained after applying the test to each dataset. Any decrease in the effect size detected by the test was considered as indicative of an increased sensitivity of the analysis.
Power analysis, as described above, assumes a balanced nested ANOVA design. When this condition
was not fulfilled by the data, the design was balanced a posteriori by randomly selecting replicate stations (minimum 3 per area) with similar sampling replication per station at each case study.
Before undertaking the analysis, the most appropriate transformation of the community variables (chosen between no transformation, square root and logarithmic) was applied independently to each case study in order to fulfil the assumptions of the applied parametric statistics (normality, homogeneity of variances and independence of errors; Sokal & Rohlf, 1995) . Case studies where the data (transformed or not) did not fulfil the ANOVA assumptions were excluded from further analysis, whereas where multiple transformation options were effective, these were all taken into account.
The precision of mean S, N and B estimates (raw or transformed data) associated with sampling replication was calculated for each station (where replicate samples were available) and the overall mean precision was derived for each study (based on the balanced designs above). Precision was based on the ratio of the standard error to the mean (D; Andrew & Mapstone, 1987) and was expressed as a percentage using the formula 100*(1-D). The relationship between precision and mean estimate was assessed by means of Spearman's correlation.
Results
Benthic survey strategies
Overall, data were obtained from 29 benthic monitoring programmes covering 19 OWF projects ( 
Sampling effort and detectable effect size
Two to 5 areas were surveyed in the OWF studies, with an overall average of 4 areas generally including DS, SI, CC and RS. When considering only stations with replicate samples, the mean number of stations per area (b) ranged 1 to 25 across the case studies, with also a marked variability observed among areas within a single case study (Table B. 2). Sampling designs were therefore balanced and case studies LID01, SS02 and SyS98 were omitted from further analysis as no sufficient replication (within stations or areas) was available (Table B. 2). The most appropriate transformation was applied to S, N and B data that allowed fulfilment of the ANOVA assumptions. As a result, the subsequent analyses (power and precision of estimates) were carried out on different subsets of case studies sharing similar data transformation and including between 2 and 13 case studies dependent on the variable considered (Table B. 3). ANOVA was applied separately to S, N and B (raw or transformed data) in each of these case studies.
The MDES was calculated for variable combinations of n and b (sampling effort) by using sample variances derived from the ANOVA applied to individual case studies and the results were averaged across case studies ( 
Sample mean estimates and precision
Sample means were estimated with a mean precision ranging 56% to 92% (values >75% in most studies) for S, whereas for N mean precision varied between 80% and 90% ( Fig. 2) . Data transformation generally resulted in increasing the precision of mean S and N estimates within single case studies (Fig. 2 ). This pattern was evident for S also when considering the overall mean precision across the case studies, the increase in precision corresponding to a decrease in the variability of the transformed variables within stations (as expressed for example by the coefficient of variation of the data in Table C .1). Table B .3). Mean ± SE for sample precision (bars and whiskers) and sample mean values (raw data, as points) are given for the different monitoring studies. Dataset ID codes are as in Appendix A.
Discussion
The reviewed documents on benthic monitoring at UK Round 1 and 2 OWFs emphasised that sampling was explicitly designed to assess potential impacts, with pre-construction monitoring assessing baseline conditions and subsequent monitoring (Round 1 projects only) assessing changes in these conditions in response to the construction, presence and operation of OWF developments.
Surveys were planned in consultation with regulatory authorities and generally fulfilled the existing guidance (particularly Boyd, 2002; Cefas, 2004; Ware & Kenny, 2011; Judd, 2012) recommendations within the licence required to construct and operate the OWF. Certain aspects of the benthic sampling were broadly standardised, e.g. the use of 0.1m 2 grabs is common practice for benthic monitoring, mostly dictated by a compromise between obtaining sufficient sediment and unwieldiness of the grab (Gray & Elliott, 2009 ), although other sample unit sizes may have been more cost effective (Ferraro and Cole, 1990) . Other aspects of the survey design (e.g., number of sampling stations, spatial coverage) were case dependent, due to the variability of site-specific features of the development.
Limitations of applied designs for impact assessment
Lack of clarity with respect to the monitoring survey and sampling designs, objectives, and the hypotheses to be tested in OWF benthic surveys (CEFAS et al., 2010) hinder evaluation of their effectiveness (Judd, 2012) .
Although the Before-After-Control-Impact (BACI) design is the most rigorous statistical design for detecting environmental impacts (Green, 1979; Underwood, 1994) , it couldn't be applied in the studied OWF monitoring programmes due to the lack of before and after OWF construction data or clear distinctions between control and impact areas. Instead of multiple control areas, a key element of EIA survey designs (Underwood, 1994; Judd, 2012) , the OWF survey designs investigated had reference stations located generally in the direction of the main tidal flow, sometimes with additional reference stations in other areas. The maximum distance of tidal excursion was generally used as a criterion to distinguish control and impact areas, as recommended by CEFAS (2004) and Judd (2012). However this information was not always given making it not possible to differentiate control from impact stations. Although it is not a regulatory requirement of EIA monitoring programmes, impact areas were further divided into subareas based on the expected distribution of impacts generated by the OWF. The location and extent of the turbine grid and cable corridors were generally used as criteria to identify near-field and far-field impact areas.
Seabed habitat type and its heterogeneity significantly affect natural variability in marine benthic communities (Gray & Elliott, 2009 ) therefore it should be factored into sampling designs (Boyd, 2002; CEFAS 2004; Ware & Kenny, 2011; Judd 2012) . Furthermore, appropriate identification of control areas assumes this factor to be taken into account in the design, as controls are expected to represent the range of habitats occurring in the area of potential impact (Underwood, 1994) . It is assumed here that existing hydrographic and sedimentological data at the studied OWF sites were used to apportion sampling and place reference stations in broadly similar habitats to those inside the development site (Boyd, 2002) , but this information was rarely included in the survey reports.
Where geophysical surveys were used to inform on local habitat heterogeneity and further stratification of sampling stations by habitat was mentioned in the survey reports, no additional details were given on the strata or the station allocation (e.g., Titan, 2002; RPS, 2008) . Consequently, this source of spatial variability could not be assessed, although its influence on the appropriateness of the design and its results cannot be excluded.
Sampling of the study areas was often achieved by variable replication at both area and station level, this variability occurring both between and within monitoring programmes, leading often to unbalanced survey designs, in contrast with recommendations for the application of parametric statistical analysis (Underwood, 1997). The density of stations was higher and sample replication more frequent in baseline studies undertaken in the smaller Round 1 OWFs compared to their Round 2 counterparts, where habitat characterization (through a higher number of stations with single grabs located in the wider area) was generally combined with the baseline monitoring (involving sample replication in a subset of stations). Morrisey et al. (1992) highlighted the importance of nested replicated sampling at various spatial scales in order to fully test for temporal or spatial patterns, and the sample replication within sampling stations is usually emphasised for environmental monitoring (Boyd, 2002; CEFAS, 2004) . However, it is noted that favouring replication at the area level over that within stations is considered as the most efficient design, from both a precision/cost effectiveness (e.g. Boyd, 2002) . Overall, it was apparent that the choice of replication within the studied OWF monitoring programmes was mostly the result of a pragmatic decision for cost and effort as there was little or no use of pilot studies or power analysis to assess the necessary sampling effort required to detect a given degree of change (although such information might not have been included in the survey reports or ES examined).
Community estimate precision
The variability in quantitative estimates of the mean abundance or density of marine benthos is a major issue particularly if the variance of replicate samples is higher than may be expected from random variation (Parsons et al., 1984) . The importance of assessing precision of community estimates is related to the confidence in such estimates (Andrew & Mapstone, 1987) .
The precision of mean community descriptors estimated at sampling stations at the analysed OWFs highly varied with the type of descriptor, its value at the study site and the transformation applied.
The observed variability in the community parameters can be considered typical for benthic surveys (Elliott & O'Reilly, 1991) , with precision decreasing from species richness to abundance to biomass estimates, reflecting the increase in the inherent variability of these descriptors (Tokeshi, 1993) .
That increasing variability reflects the control by the physico-chemical environment on the species richness compared to the control by biological interactions and recruitment, predation etc. on the abundance and biomass (Gray & Elliott, 2009) .
A higher precision was associated when data were subject to transformation, this having an effect of reduction in the sample data variability and variance stabilisation (Zuur et al., 2009) , as confirmed by the decrease in the coefficient of variability of transformed versus raw estimates. Again, the reduced precision in abundance and biomass estimates compared to species richness is also likely ascribed to the higher complexity of biological inter-relationships influencing the former variables compared to the predominant effect of number of available habitats and niches on the species richness (Gray & Elliott, 2009) . Whilst there are no prescribed levels of precision recommended for benthic sampling, typically a standard error of 5% of the mean (hence a precision of 95%) would be considered satisfactory, although values between 10-25% (precision between 75-90%) have also been indicated as acceptable in ecological research (Southwood & Henderson, 2000) . Precision seldom reached 95%
in the analysed OWF studies (only in some cases with log-transformed abundance data or square root transformed species richness), but the use of 3 replicates as applied in most OWF case studies produced mean estimates with acceptable levels of precision between 75% and 90% for all community descriptors except for biomass. This agrees with the higher variability of biomass data, suggesting increased replication is needed to estimate this community parameter with a precision similar to the others.
Data analysis, power & sensitivity
Traditional hypothesis-testing statistical techniques (e.g. ANOVA) are widely used in marine studies.
In the context of impact assessment at OWFs they could be employed to test differences in community or environmental attributes over space (between stations or areas) and time (e.g. preand post-construction). Despite this, rigorous statistical testing apparently has not been widely described within existing wind farm benthic monitoring reports, perhaps due to the lack of clarity in survey rationale and testing hypotheses. Power analysis can be used to determine the adequate level of sampling effort that allows detection of a real effect (of a set size) with a required power and significance (Cohen, 1988; Green, 1989) .
However, despite this potential, power analysis remains a much under-used technique in ecology (Andrew and Mapstone, 1987; Green, 1989) , possibly because it requires the knowledge of several parameters, including the variance estimate for the sample population, the statistical significance (α) and power (1-β), and the effect size to be detected. While variance can be estimated using the change to be detected -it was particularly notable and of concern that surveys were designed without indicating the level of change to be detected.
The five-eighty convention, whereby acceptable power is set at 80% and statistical significance at 5% (Cohen, 1988) , is widely applied in ecology, hence attributing a higher importance to the cost of making Type I error than Type II error. This approach, however, is not exempt from criticism (Di Stefano, 2003) , as within EIA both errors might lead to undesired consequences (for the environment and the development such as marine renewable energy) and in some cases a higher cost of making a Type II error has been suggested (Peterman, 1990 ). An even higher uncertainty is associated with defining a priori what is the minimum change (e.g. in species richness) that is biologically relevant. Setting scientific and social thresholds of significance relative to the endangering of the marine environment is generally difficult (Köller et al., 2006) . In OWF impact assessment, this may be further hampered by the lack of knowledge on the likely size and scale of impacts on benthos following construction and operation activities. Guidance for sewage sludge disposal at sea is given whereby changes due to organic enrichment should not exceed 200% for benthic abundance and 50% for species richness and biomass (Jones et al., 1994) , but it is uncertain if these levels could be applied to OWFs where the main effects are associated with structural habitat changes (Boehlert & Gill, 2010; Wilson et al., 2010 (CMACS, 2008a) . Although it was stated that this was not the case (CMACS, 2008a) , it is noted that this station most likely falls within the tidal excursion area around the wind farm development site, therefore its validity as RS, rather than SI, is uncertain. b Three replicate samples were collected in these stations, but only two samples per station were processed. c Five replicate samples were collected in these stations, but only three samples per station were processed. d Three replicate samples were collected in these stations, but only one sample per station was processed. Table B. 3. Data availability in selected Round 1 and Round 2 OWF case studies for the main community descriptors: S, species richness per sample; N, total benthic abundance per sample; B, total benthic biomass (as wet weight) per sample. Transformation applied to the data to fulfil ANOVA assumptions is also indicated: None, no transformation required (raw data x used); Sqrt, square root of (x+1); Log, logarithm (basis 10) of (x+1); -, data not included in the analysis, ANOVA assumptions were not fulfilled (not even after transformation); empty cells indicate case studies where data were not available or with no sufficient data replication to undertake the analysis. Dataset ID codes are as per 
Appendix C. Minimum effect size detectable with ANOVA test on benthic community indicators with variable sampling effort. Effect size values are given both in terms of mean absolute (for raw data only) and % difference (for raw and transformed species number), together with their range of variability (Min, Max) and confidence intervals (CI, 95%) across the case studies; n is number of replicates per station and b is number of stations per area. Mean, range (min, max) and variability (coefficient of variation CV%) are also given for mean S (raw and transformed data) across case studies. Results are based on the analysis of 9, 6 and 6 case studies for raw, square root-and log-transformed data, respectively (see Table B .3 for the details on case studies included in the different datasets). Table C .2. Minimum effect size detectable with ANOVA test on total benthic abundance (N, as raw data, and square root-and log-transformed data) with variable sampling effort. Effect size values are given both in terms of mean absolute (for raw data only) and % difference (for raw and transformed abundance), together with their range of variability (Min, Max) and confidence intervals (CI, 95%) across the case studies; n is number of replicates per station and b is number of stations per area. Mean, range (min, max) and variability (coefficient of variation CV%) are also given for mean N (raw and transformed data) across case studies. Results are based on the analysis of 2, 7 and 13 case studies for raw, square root-and log-transformed data, respectively (see Table B .3 for the details on case studies included in the different datasets). Table C .3. Minimum effect size detectable with ANOVA test on total benthic biomass (B, as square root-transformed data) with variable sampling effort (raw biomass and log-transformed data could not be tested as they never fulfilled ANOVA assumptions). Effect size values are given in terms of mean % difference in (transformed) biomass, together with their range of variability (Min, Max) and confidence intervals (CI, 95%) across the case studies; n is number of replicates per station and b is number of stations per area. Mean, range (min, max) and variability (coefficient of variation CV%) are also given for mean B (transformed data) across case studies. Results are based on the analysis of 3 case studies (see Table B .3 for the details on case studies included in the analysed dataset). 
